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ABSTRACT 1 
Pedestrians and cyclists, often called vulnerable road users (VRUs), are more likely to be injured 2 
in road crashes as they are more exposed to risk. It is estimated that each year 1.2 million road 3 
users lose their lives on the world’s road crashes with half of them being VRUs. This situation 4 
has a dramatical impact in terms of health and economical development and costs to 5 
governments, when low- and middle-income countries lose approximately 3% of their GDP. The 6 
analysis of road crashes registrations and the development of predictive models to identify areas 7 
with higher risk could be a crucial step to improve road safety and sustainable urban mobility. 8 
The main objective of this paper is to find temporal and spatial patterns of crashes between 9 
motor vehicles-VRUs based on severity, in order to implement a model that estimates the 10 
probability of occurrence of a crash involving VRUs. For that purpose, crashes data from three 11 
cities in Portugal with different characteristics were examined. Crashes were georeferenced and 12 
blackspots were identified considering injury severity. Although georeferencing is often a 13 
method of identifying potential risk areas, it is not associated with time and injury severity. The 14 
proposed model is defined as a Multinomial logistic regression model (MLR) with pedestrians 15 
and cyclists as a response variable. 16 
The findings from this study highlighted target variables that may influence number and severity 17 
of crashes between motor vehicle and VRUs. The developed MLR models revealed that VRU 18 
gender and age, as well as weather conditions, are statistically significant. 19 
 20 
 21 
 22 
 23 
 24 
Keywords: road crashes, injury severity, multinomial logistic regression analysis, cyclists, 25 
pedestrians, vulnerable road users.  26 
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1. INTRODUCTION AND OBJECTIVES 1 
Worldwide, 1.2 million people lose their lives every year in road crashes. The phenomenon is 2 
more intensive in countries with low and middle-income as 90% of global road traffic deaths 3 
happen there (1). In 2015, 21% of the fatalities in European Union’s roads were pedestrians, 4 
while 8% were cyclists (2). The percentage of pedestrians and cyclists fatalities were, 5 
respectively, 14% and 2% for USA and 23% and 5% for Portugal (1). In Portugal, the number of 6 
injuries in 2016 involving pedestrians was 5537 with the percentage of fatalities being 1.5%, 7 
while during the same year there were 1882 cyclists injuries with 1.6% of them being fatal (3). 8 
Road crashes have a huge impact in societies and national economies and costs 9 
governments approximately 3% of their GDP (1) as the estimation of value of statistical life 10 
(VSL) is €1.7 million (average income level in the EU in 2010 prices). The value of the severe 11 
injury is assumed to be 13% of VSL and light injury is valued at 1% of VSL (4). 12 
Current urban mobility policies focus on the promotion of active modes of transport (e.g. 13 
walking and cycling) that can contribute in mitigating transport externalities. However, 14 
pedestrians and cyclists, often called vulnerable road users (VRUs), are more exposed to vehicle 15 
crash injuries, so improving their safety is an essential goal. Despite the many efforts regarding 16 
the improvement  of road safety in regional and global level, the European Commission target of 17 
reaching zero fatalities in road transport in 2050 is not close to be achieved (5). 18 
The objective of this paper is to present a comprehensive study regarding motor vehicle-19 
pedestrian and motor vehicle-cyclist collisions occurrences integrating spatio-temporal data 20 
analysis with crash prediction models. Spatial analysis is the first step to identify the patterns 21 
between blackspots in cities from Portugal with different population density. The second step is 22 
to develop a crash prediction model that calculates the likelihood of VRUs to be involved in a 23 
crash taking into account injury severity. The predictive model is a major feature, valuable not 24 
only for VRUs awareness, but also for traffic planners and decision-makers. 25 
The paper is organized as follows. In Section 2, a literature review with the existing 26 
methodologies for predicting and analysing road crashes involving VRUs is shown. Section 3 is 27 
devoted to presentation of the used methodology, the case studies addressed herein and crash 28 
data description. Section 4 presents a discusion on the obtained results. The final section presents 29 
concluding remarks. 30 
 31 
 32 
2. LITERATURE REVIEW 33 
Road crashes can be the consequence of different factors. Several studies have investigated 34 
spatial and temporal patterns of traffic crashes (6-9). The recognition of risky areas - blackspots - 35 
is the initial step in traffic safety analysis. A crash blackspot can be theoretically defined as any 36 
location that has an accident frequency significantly higher when compared to other areas (8). 37 
The spatial analysis of road crashes beyond the density can also take into account the severity of 38 
the crash based on a severity index (6,8). Taking into account the number of minor injuries, 39 
severe injuries and fatalities can change the idea of what could be a dangerous road zone. 40 
Currently, special attention is given to vulnerable road users (VRUs). It is important to 41 
point out that risk areas for crashes involving motor vehicles may present different characteristics 42 
than areas of greatest risk for pedestrians and cyclists (10). Regarding pedestrians crashes, some 43 
literature create a spatial and temporal distribution (11-14). These studies identify the areas that 44 
deserve greater attention and find patterns among the crash data. Prato et al., in a Danish case 45 
study, have concluded in their work that older or intoxicated pedestrian are the most vulnerable 46 
and roads with higher speed limits are related to the most severe outcomes; shopping areas, 47 
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residential areas, low-speed roads, and walking traffic density are related to a reduction in 1 
pedestrian injury severity (11).  On the other hand, Pour et al., for a Melbourne case study, show 2 
that most vehicle-pedestrian crashes occurring between 7:00 PM and 6:00 AM are more severe 3 
than in other schedules and occur around hotels, clubs and bars (12). 4 
Kitali et al. developed a predictive model for pedestrians crash severity (15), the 5 
complementary log-log models used for predicting rare events, in this case, with the aim of 6 
predicting severe injury or fatalities in road crashes involving pedestrians. This study concludes 7 
that the Cloglog model outperformed the other two models (probit and logit models) for 8 
predicting fatal and severe crashes. 9 
Several studies revealed that urban or metropolitan roads or arterial roads were more 10 
dangerous for cyclists and the presence of retail or service establishments increase the risk of 11 
collision (16). In this literature review on bycicle-motorised vehicle collisions, Prati et al. 12 
proposed that environmental factors should be included as a relevant category of contributing 13 
factors for these collisions. Kaygisiz & Hauger describe a point pattern analysis methodology, 14 
based on bicycle crashes in Vienna that resulted in injury or death, and the results indicate that 15 
the risky zones vary in time and condition (17). Osama & Sayed developed several macro-level 16 
(zonal) collision prediction models that explicity incorporated bike networks indicators as 17 
explanatory variables; the models were developed using generalized linear regression and full 18 
Bayesian techniques, with and without spatial effects concluding that the spatial effects were 19 
statistically significant (18). 20 
Similarly, some studies make a joint analysis involving pedestrians and cyclists. Cai et 21 
al. proposed a Bayesian joint approach to explore possible dependency between crashes 22 
involving pedestrians and cyclists and total crashes. Results showed existence of dependency 23 
(19). Other studies performing spatial analysis revealed that the models with spatial correlation 24 
are better than the models that did not take into account spatial correlations (20, 21). Lee et al. 25 
developed prediction model based on series of intersection crash models for total, severe, 26 
pedestrians and bicycle crashes with macro-level data from various geographic units; modeling 27 
showed that macro-variables are significant (22). 28 
The contribution of this paper is to perform an integrated spatial and temporal analysis 29 
of crashes involving VRUs, considering severity of injuries, in order to establish some pattern 30 
between cities with different specifications. This study evaluates pedestrians and bicycles 31 
crashes, comparing cities from Portugal with different population densities. The main objectives 32 
of this paper are twofold: 33 
1. To map and perform a spatial analysis of blackspots on the study areas, focusing on 34 
the use of statistical data analysis procedures; 35 
2. To formulate a crash prediction model based on Multinomial Logistic Regression, 36 
which would describe the probability of a crash with a certain level of severity involving motor 37 
vehicle-VRUs. This is important not only to predict crash occurrences in specific blackspots, but 38 
also to infer the severity of crashes involving VRUs. 39 
The predictive model and spatial analysis is based on macro-level and the blackspots 40 
based on density and severity of injuries. 41 
 42 
 43 
3.  METHODOLOGY 44 
In this section, the studied areas, crashes data and the methods used in the identification of 45 
blackspots and in the development of the predictive model are presented. Figure 1 shows the 46 
work evolution. 47 
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 1 
 2 
Legend: ANSR – Portuguese National Road Safety Authority  3 
FIGURE 1 Overview of spatial and temporal analysis methodology. 4 
 5 
3.1 Case studies and Data Description 6 
Crash data involving VRUs from three distinct Portuguese cities (Aveiro, Porto and Lisbon) 7 
were analysed. 8 
Aveiro is a medium-sized city with 78450 inhabitants and 197.6 km2 (23). Across the 9 
region of Aveiro, walking is the second most representative mode, with 21% of total trips, and 10 
cyclist mode represents 2.7% of the modal share. The relevant expression of bicycle use in the 11 
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Region of Aveiro is associated to favorable terrain conditions, since the slope is almost 1 
negligible (24). Porto, the second-largest city in Portugal, has 237591 unhabitants and 41.42 2 
km2; regarding modal share, walking mode represents 21.6% and cyclists 0.22% (24). Lisbon is 3 
the capital and the largest city of Portugal, with 547733 inhabitants and 100.05 km2; regarding 4 
modal share, pedestrians represent 19.4% and cyclists less than 1% (24). 5 
VRUs-involving crash registrations from 2012 to 2015 were provided by ANSR 6 
(Portuguese National Road Safety Authority), which resulted in a total of 4439 observations to 7 
be analysed (from the 4535 given by ANSR). These crashes yielded 4615 injured VRUs. 8 
Considering these data, 87% are related to motor vehicle-pedestrians and 13% to motor vehicle-9 
cyclists crashes. Analysis was mainly focused on the level of severity injury, which is subdivided 10 
into classes: light, serious injuries, and fatalities. Although most records were georeferenced, 11 
there were cases where only a street name was provided; the authors identified the geographical 12 
coordinates of the crash location with Google Maps. General overview of data characteristics is 13 
displayed in Table 1. 14 
 15 
TABLE 1 Descriptive statistics of the data set 16 
 
  
Pedestrians Cyclists Total %  
       
Injuries from 
Aveiro 
A
v
ei
ro
 
Gender Female 115 45 160 50% 
Male 49 110 159 50% 
Age ≤14 22 7 29 9% 
15-17 9 5 14 4% 
18-24 24 21 45 14% 
25-49 40 55 95 30% 
50-64 29 34 63 20% 
≥65 40 33 73 23% 
Injury Light 146 141 287 90% 
Serious 14 11 25 8% 
Fatal 4 3 7 2% 
Number of Crashes 153 151 304 7% Total Data Crashes 
        
P
o
rt
o
 
Gender Female 707 8 715 46% 
Injuries from Porto 
Male 501 117 618 54% 
Age ≤14 98 13 111 8% 
15-17 52 4 56 4% 
18-24 144 16 160 12% 
25-49 293 63 356 27% 
50-64 256 26 282 21% 
≥65 365 3 368 28% 
Injury Light  1162 125 1287 97% 
Serious 29 0 29 2% 
Fatal 17 0 17 1%  
Number of Crashes 1158 117 1275 29% Total Data Crashes 
        
L
is
b
o
n
 
Gender Female 1219 273 1492 50% 
Injuries from 
Lisbon 
Male 1444 27 1471 50% 
Age ≤14 239 18 257 9% 
15-17 104 8 112 4% 
18-24 326 53 379 13% 
25-49 715 164 879 30% 
50-64 531 49 580 20% 
≥65 748 8 756 26% 
Injury Light  2468 283 2751 93% 
Serious 159 16 175 6% 
Fatal 36 1 37 1%  
Number of Crashes 2563 297 2860 64% Total Data Crashes 
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 1 
The main attributes considered in the forthcoming analysis were: 2 
 VRU gender, age, and level of severity of the injury; 3 
 Temporal variables such as year, month, weekday, hour of the day. 4 
In the particular case of the spatial analysis, whenever it is possible, a closer look on the 5 
location environment was considered, in order to explore the impacts of different built 6 
environments on injury severity. 7 
 8 
3.2 Spatial and Temporal Analysis Methodology 9 
High risk areas for VRU safety were identified using special tools implemented in ArcGIS 9.3 10 
(25).  After data geocoding, Kernel Density Estimation (KDE) is applied to obtain patterns based 11 
on the level of severity of VRUs injuries. KDE is a neighbor-based approach in which each 12 
observation is covered by a kernel, yielding a circular-cell-shape neighbourhood, exhibiting a 13 
surface with maximum value at a reference point that decreases to zero at radius (𝑟) distance 14 
from it. The density estimation using the quartic kernel function (default in ArcGIS) can be given 15 
by 16 
 17 
𝑓(𝑥, 𝑦) =
1
𝑚𝑟2
∑ 𝐾 (
𝑑𝑖
𝑟
)𝑚𝑖=1 ,      (1) 18 
 19 
where 𝑓(𝑥, 𝑦) is the density estimation for location (𝑥, 𝑦), 𝑚 is the number of observations, 𝐾 is 20 
the kernel function defined as  21 
 22 
𝐾 (
𝑑𝑖
𝑟
) = {
𝐾 (1 −
𝑑𝑖
2
𝑟
) ,  0<𝑑𝑖 ≤ 𝑟
0,  𝑑𝑖 > 𝑟                        
,      (2) 23 
 24 
with 𝑑𝑖 is the 𝑖-th observation location and 𝐾 a real coefficient (12).  25 
In ArcGIS, 𝐾 works as a blackbox. Different radius values were examined to find the 26 
most suitable and reasonably small to obtain an unsmooth (i.e., high-variance) density 27 
distribution according to the study areas. The radius was set to approximately 174 meters.  28 
Besides crash location, a specific weight on each VRU injured observation was 29 
considered based on the severity index suggested in (26), which attributes weights as follows:  30 
 31 
𝑆𝐼 = 𝑙 + 3𝑠 + 5𝑓,        (3) 32 
 33 
where  𝑆𝐼 stands for severity index, 𝑙 and 𝑠 are the number of VRUs with light and serious 34 
injuries, respectively, and 𝑓 is the number of fatalities. Since the study period is quite small and 35 
involves a small sample, and taking into account the specificities of the study areas, the severity 36 
index (3) seems right for a specific-local analysis. 37 
The procedure using KDE returned nine levels of risk, displayed in a range of grey 38 
shades from nearly white (Level 9: no-risk area) to black (Level 1: high-risk area - critical), and 39 
Kernel density surfaces were derived for total injuries for each particular city. 40 
Highest risk areas for each city were analysed and patterns between them were described. 41 
Also, for the specific case of Aveiro, connections between these areas and the map of cyclists’ 42 
stress levels (available in the Municipality mobility plan (24)) were established (Figure 2). For 43 
the other cities, the mapping of stress levels evaluation was not found. Stress levels are related to 44 
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important variables such as maximum speed allowed, traffic flow, percentage of heavy vehicles, 1 
exterior lane width, and number of crossings and entrances in public parks (24).  2 
 3 
 4 
FIGURE 2 Map of stress levels for the city of Aveiro (adapted from 24). 5 
 6 
Temporal distribution of the crashes and injured people at different time periods was 7 
assessed. In particular, peak hours and days were highlighted for each city and related to specific 8 
VRUs characteristics. 9 
 10 
3.3 Predictive Modeling 11 
In order to address road safety issues more effectively, it is important to develop predictive 12 
models that can be used in injury prevention programs. Here, we are specifically focused on 13 
developing a predictive model that allows to infer which type of VRU is more likely to be 14 
involved in a crash. By performing a Multinomial Logistic Regression (MLR), one can 15 
determine the strength of influence a particular independent variable has upon the type of VRU 16 
involved in a crash. The response variable is categorical, namely it has two classes related to 17 
VRU: pedestrian or cyclist. The set of predictor variables include VRUs’ gender and age, level 18 
of severity of the injury, temporal (weekday and time period) and weather conditions. 19 
For this purpose, the statistical software SPSS (27) was used to find an appropriate 20 
model, since it already has a built-in implementation of a multinomial logit model, where 21 
parameters are estimated by using an iterative maximum-likelihood algorithm. 22 
 23 
 24 
4. RESULTS AND DISCUSSION 25 
This section presents the results of the analysis and visual exploration for the study areas. It 26 
begans with an analysis to discover the spatio-temporal patterns among the studied areas, and 27 
then the results of the final multinomial logit model are discussed. 28 
 29 
Vilaça, Macedo, Tafidis, Coelho   9 
 
4.1. Spatial analysis 1 
Crashes involving VRUs occurrences were georeferenced and an injury attribute was used to 2 
generate spatial maps. Figure 3 illustrates the geographic distribution of crashes resulting on 3 
VRUs injuries by level of severity, highlighting blackspots on each city.   KDE was applied to 4 
analyse spatial distribution of motor vehicle-VRU crashes. 5 
Regarding Aveiro, the main blackspot is inside the city center (urban area), including a 6 
commercial area and one of the main inner city connection roads. The blackspot is close to 7 
educational and governamental institutions. A second blackspot is located near a main road 8 
connecting city center to the train station. A third blackspot involves another main shopping area. 9 
Most of these areas have a speed limit of 50km/h. It should be emphasized that the third 10 
blackspot covers a national road and a high number of cyclists injuried are observed.  The 11 
mobility plan of the city of Aveiro shows the stress level for cyclists is between 2 and 3 in the 12 
main and second blackspots, while for the last zone it reveals a great amount of stress for 13 
cyclists, presenting a level from 3 to 4 (24). Our results suggest this last blackspot coincides with 14 
a stressful area, with more injuried cyclists. 15 
Regarding Porto, blackspots were identified in urban and historical centers, in places 16 
involving high number of tourist points, churches, stores and train station. As an historic site, 17 
speed limit for motor vehicles is reduced. Likewise Porto, Lisbon blackspots are in urban centres 18 
and historic sites, close to touristic points and governmental institutions. In a second level, there 19 
is another blackspot covering a train station and a hospital. 20 
It must be emphasized that none of the blackspots of the three cities are located next to a 21 
dedicated route for cyclists. 22 
 23 
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 1 
FIGURE 3 Spatial distribution of crashes involving VRUs based on level of severity injury 2 
from a) Aveiro, b) Porto and c) Lisbon. 3 
a) 
b) 
c) 
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 1 
4.2. Temporal Analysis 2 
Figure 4 shows the annual evolution of injured VRUs for each city. 3 
 4 
 5 
FIGURE 4 Annual evolution of number of VRUs injured on road crashes based on level of 6 
severity injury. 7 
 8 
Comparing the results, there are five main observations: 9 
 Aveiro and Porto present similar growing evolution for the first three years for 10 
light injuries for pedestrians; 11 
 There is a decrease in light injuries for pedestrians in Aveiro in 2015, but an 12 
increase of the serious injuries; 13 
 Lisbon presents in 2015 an increase in light and serious injuries of pedestrians; 14 
 There is an increase in cyclist injuries in 2013 for all the cities; 15 
 For Porto and Lisbon the number of cyclist injuries decreased in 2015. 16 
In summary, Aveiro presents a greater proportion in the number of serious injuries and 17 
fatalities. A closer look regarding pedestrians show Lisbon with an increase in general injuries, 18 
and Aveiro in relation to serious injuries. Considering injured cyclists, the proportion of this 19 
class is higher in Aveiro, followed by Porto, and Lisbon. Decrease of injuries in cyclists in 2015 20 
can be explained by implementation of new legislation since 2014 for these VRUs (namely, the 21 
driver of the motor vehicle is required to leave a minimum lateral distance of 1.5 meters between 22 
the vehicle and the bicycle). 23 
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Figure 5 shows the montly evolution of VRUs injured for the cities and years under 1 
study. 2 
 3 
 4 
FIGURE 5 Monthly evolution of number of VRUs injured on road crashes based on level 5 
of severity injury (2012-2015). 6 
 7 
Aveiro has the most evident fluctuation, which can be due to weather conditions during 8 
the months of October and November. As expected, August, which is typically a vacation month, 9 
presented lower number of injuries, particularly for Porto and Lisbon. Figure 5 shows in Aveiro 10 
May and February are the months with highest serious injuries and fatalities, respectively. 11 
Regarding Porto, light injuries’ peak is on September, decreasing then until November. February 12 
has the highest number of serious injuries and September, November and December have high 13 
number of fatalities. Concerning Lisbon data, we can see that the highest number of VRUs with 14 
light injuries occur on December, while serious occur on May. Regarding fatalities, January has 15 
the highest number.  16 
The following table presents the distribution of VRU injuries for every day of week.  17 
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TABLE 2 Distribution of road crashes-related VRU injuries for each severity level along 1 
the different days of the week. 2 
 3 
 
 
Monday Tuesday Wednesday Thursday Friday Saturday Sunday Total 
A
v
ei
ro
 
Light Injury 46 47 44 56 41 29 24 287 
Serious Injury 6 2 2 6 6 3 0 25 
Fatal 2 0 1 1 1 1 1 7 
TOTAL 54 49 47 63 48 33 25 319 
 
         
P
o
rt
o
 
Light Injury 213 181 220 219 230 133 91 1287 
Serious Injury 4 4 5 7 3 4 2 29 
Fatal 3 2 4 3 4 1 0 17 
TOTAL 220 187 229 229 237 138 93 1333 
 
         
L
is
b
o
n
 
Light Injury 408 444 468 491 467 260 213 2751 
Serious Injury 21 29 26 28 36 17 18 175 
Fatal 5 7 4 8 6 3 4 37 
TOTAL 434 480 498 527 509 280 235 2963 
 4 
All cities present a percentage of light injuries around 90% to 97% of total injuries. 5 
Regarding Aveiro, 20% of VRUs injuries occur on Thursdays, 18% during weekend and the 6 
most severe injuries (serious and fatal) occur on Mondays. In Porto, weekends still reach lower 7 
percentage of injuries, while the riskiest day seems to be Friday with 18% of injuries; 8 
Wednesday and Thursday are critical, both with 4% of serious injuries and fatalities. Focusing on 9 
Lisbon, crashes involving VRUs injuries occur mostly on Thursdays (18%) and Fridays (17%), 10 
but weekends also represent 17% of injuries (with Sunday presenting the highest percentage of 11 
severe injuries - 9%). 12 
Results show that weekdays present higher records of injuries, namely Thursday and 13 
Friday, which can be explained by weekly routines.  14 
Figure 6 shows distribution of vehicle-pedestrian and -cyclist crashes for different hours, 15 
during weekdays.  16 
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 1 
FIGURE 6 Temporal distribution of vehicle-pedestrian and -cyclist crashes across different 2 
days (2012-2015). 3 
 4 
Spider plots for Aveiro suggest most vehicle-pedestrian crashes occur on Monday with 5 
peak hours at 8am and 5pm, while for cyclists most critical days are Thursday, at 1pm, and 6 
Mondays at 8am. For pedestrians, peak hours for Porto seem to be 6pm on Mondays, 5pm and 7 
7pm on Fridays, and 9am and 6pm on Wednesdays. Regarding cyclists, peaks are clearly at 7pm 8 
on Thursdays. There is also a peak at 4pm on Wednesdays. In Lisbon, number of weekend 9 
pedestrians-involving crashes is smaller when compared to other days. Typically, Thursdays 10 
have peak hours in terms of crashes between 8am and 9am, and 5pm to 6pm, while on 11 
Wednesdays, peaks are at 9am and 11am, and also between 5pm and 6pm. For cyclists, Thursday 12 
at 9am and 7pm, Saturday at 11am, Tuesday at 4pm and Monday at 6pm represent the most 13 
critical time periods.  14 
As expected, during weekdays, most VRUs-involving crashes occur between 8am and 15 
7pm. Results also highlighted peaks at lunch times. This is explained by VRUs daily routines 16 
and peak hours with higher traffic volumes.  17 
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 1 
Figure 7 presents distribution of injuries according to different age groups.2 
 3 
FIGURE 7 Temporal distribution of vehicle-pedestrian and -cyclist crashes for different 4 
age groups (2012-2015). 5 
 6 
Specifically, in Aveiro, school age group of pedestrians (<15 yr. old) reveals a peak in 7 
crashes at 8am and most crashes occur after 4pm for pedestrians between 18 and 49 years of age. 8 
For pedestrians with 65+ years, 8am and 10-11am are critical periods. Cyclists of age between 9 
25 and 49 years are involved in a higher number of crashes at 10am, 1 and 7pm. For older 10 
cyclists, 11am is a critical hour. Patterns for pedestrian-involving crashes can be visualized at 11 
8am for school age, between 5pm and 8pm for 18-24 and 25-49, during morning for 65+. Part of 12 
the reason of these results may be due to existence of schools, University and hospital near city 13 
center, which involve many daily trips. 14 
Comparing to Aveiro, distinct patterns can be pointed in Porto. Pedestrians of 65+ clearly 15 
dominate and have a first high-risk time at 9am, as well as the working age group (25-64). 16 
However, other critical times for older pedestrians are 11am and 6pm, while the working age 17 
group has a peak between 5pm and 7pm. Many vehicle-cyclist crashes involve working age 18 
group, with peaks between 9am and 11am, 3pm and 4pm, and also at 7pm. These findings 19 
suggest off-peak traffic hours are also important in crashes involving older pedestrians, since 20 
their daily routines are not restrited to working hours. 21 
In Lisbon, most of crashes involve pedestrians on working age group and 65+ groups, 22 
with morning peaks between 8am and 9am, and 8am and 11am, respectively. During afternoon, 23 
Vilaça, Macedo, Tafidis, Coelho   16 
 
working age group has peaks on lunch time and between 4 to 8pm, and older pedestrians present 1 
a peak at 5pm. For cyclists between 25 and 49 years of age, there are more crashes at 8am and 2 
12am, and between 4-7pm, which can be explained by existence of schools, general services and 3 
offices in city center. 4 
 5 
4.3. Multivariate Model Analysis 6 
Table 3 presents MLR models involving vehicle-VRU crashes for each city, with pedestrian or 7 
cyclist as response variable, particularly, the overall statistical significance values. For these 8 
models, we used as explanatory variables VRU gender and age, injury severity, weekday, time 9 
period and weather conditions. Results suggest decent fits to the models.   10 
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TABLE 3 Overall statistical significance values for the independent variables. 1 
a) Model Fitting Information  d) Likelihood Ratio Tests 
 
Model 
Model 
Fitting 
Criteria 
Likelihood Ratio Tests 
 
 
Effect 
Model 
Fitting 
Criteria 
Likelihood Ratio 
Tests 
 -2 Log 
Likelihood 
Chi-Square df Sig. 
 
 
-2 Log 
Likelihood 
Chi- 
Square 
df Sig. 
 
Aveiro          
A
v
ei
ro
 
VRU Gender 337.782 59.677 1 0 
 
Final 278.105 104.15 19 0.000 
 
VRU Age Group 297.152 19.047 5 0.002 
 
Porto         
 
Injury Severity 280.222 2.117 2 0.347 
 Final 336.391 261.812 19 0.000  Weekday 290.388 12.283 6 0.056 
 
Lisbon         
 
Time Period 285.086 6.981 4 0.137 
 
Final 681.761 449.502 19 0.000 
 
Weather 
Conditions 
290.286 12.182 1 0 
 
b) 
 
Goodness-to-Fit 
P
o
rt
o
 
VRU Gender 466.126 129.735 1 0 
 
  Chi-Square df Sig. 
 
VRU Age Group 408.275 71.883 5 0 
 
Aveiro 
Pearson 217.684 191 0.09 
 
Injury Severity 342.571 6.18 2 0.045 
 Deviance 233.861 191 0.019  Weekday 358.881 22.49 6 0.001 
 
Porto 
Pearson 463.113 439 0.206 
 
Time Period 357.194 20.803 4 0 
 
Deviance 225.366 439 1 
 
Weather 
Conditions 
340.832 4.44 1 0.035 
 
Lisbon 
Pearson 539.061 679 1  
L
is
b
o
n
 
VRU Gender 918.833 237.072 1 0 
 
Deviance 413.721 679 1 
 
VRU Age Group 849.876 168.115 5 0 
 
c)   
Pseudo R Square Injury Severity 685.963 4.201 2 0.122 
 
 
  Cox and Snell Nagelkerke McFadden  Weekday 694.182 12.421 6 0.053 
 
 
Aveiro 0.279 0.371 0.236 
 Time Period 699.874 18.113 4 0.001 
 
 
Porto 0.178 0.385 0.316 
 Weather 
Conditions 
687.117 5.355 1 0.021 
 
 
Lisbon 0.141 0.293 0.231  
      
 2 
Subtable a) shows variables added to the model are statistically significantly (Sig.<0.05) 3 
and improve the model for each city (the obtained models significantly predict the response 4 
variable). Results on quality of fitting the data are displayed in b). For Porto and Lisbon, 5 
Sig.>0.05, which is not statistically significant, but this means the model fits well the data, while 6 
for Aveiro the results of both measures of goodness-of-fit are different, yet Pearson chi-square 7 
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statistic show the model fits the data as well. Subtable c) shows the proportion of variance that 1 
can be explained by the model. The best measure is 37% for Aveiro, ~39% for Porto and 29% 2 
for Lisbon. Finally, regarding information on the independent variables VRU gender and age, 3 
and weather conditions are statistically significant. For Aveiro, variables such as “Injury 4 
Severity” and “Time Period” are not significant, while for remaining cities they are relevant. 5 
Moreover, the independent variable “Weekday” is also statistically significant for Porto. 6 
 7 
5.  CONCLUSIONS 8 
In this paper, a spatial and temporal analysis focused on main cities from Portugal, Aveiro, Porto 9 
and Lisbon, was conducted. A key contribution of this work is to make a comparison based on 10 
assessing severity level of crashes occurred in cities with different dimensions and characteristics 11 
as well as an integrated analysis of influencing variables, such as weather conditions and VRUs 12 
characteristics.  13 
Application of KDE on our data was used to identify blackspots based on severity level 14 
of injury and on a severity index. It highlighted target areas that may influence number and 15 
severity of vehicle-VRUs crashes. Concretely, it revealed for all cities that most injuries occur 16 
close to high attraction places, such as train stations, shopping areas and touristic points, in 17 
which the vehicles speed limits are under 50km/h, which can be considered as important factors 18 
in motor vehicle-VRUs crash modelling and analysis as well as in the implementation of local 19 
road safety policies. Regarding annual evolution of injuries, Aveiro and Porto presented a 20 
decrease for pedestrians in 2015, while Lisbon presented an increase. It can be emphasized a 21 
reduction in the number of cyclists injuries in 2015 for all cities, which can be explained by the 22 
implementation of specific legislation for this VRU class. Concerning type of injury, May is a 23 
critical month in Aveiro and Lisbon in terms of serious injuries and deaths, while February for 24 
Porto. Weekdays present more occurrences than the weekend. On another perspective, different 25 
VRU age groups have different peak hour moving patterns; however, there are higher 26 
occurrences involving cyclists with 25-49 years for all cities, which may be due to the potential 27 
majority of cyclists in this age interval, but this cannot be confirmed due to the lack of data. 28 
Concerning pedestrians, most occurrences involve the extended-age group 18-49 years in Aveiro, 29 
while in Lisbon and Porto 65+ years group clearly dominates. The developed MLR models for 30 
each city with pedestrian or cyclist as the response variable revealed that the VRU gender and 31 
age, as well as weather conditions, are statistically significant for all models. 32 
The limitations of this work are related with the size of the sample of crash records, lack 33 
of detailed information and clarity in georeferencing of the original registrations data. The 34 
findings from this study emphasize the need for considering temporal and spatial characteristics 35 
of VRUs-involving crashes, assessing injury severity, to improve safety strategies having in mind 36 
patterns related to peak hours of different age groups as well as specificities at a local level. 37 
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